Label ranking aims to learn a mapping from instances to rankings over a finite number of predefined labels. Random forest is a powerful and one of the most successfully general-purpose machine learning algorithms of modern times. In the literature, there seems no research has yet been done in applying random forest to label ranking. In this paper, We present a powerful random forest label ranking method which uses random decision trees to retrieve nearest neighbors that are not only similar in the feature space but also in the ranking space. We have developed a novel two-step rank aggregation strategy to effectively aggregate neighboring rankings discovered by the random forest into a final predicted ranking. Compared with existing methods, the new random forest method has many advantages including its intrinsically scalable tree data structure, highly parallel-able computational architecture and much superior performances. We present extensive experimental results to demonstrate that our new method achieves the best predictive accuracy performances compared with state-of-the-art methods for datasets with complete ranking and datasets with only partial ranking information.
Introduction
Label ranking aims to learn a mapping from instances to rankings over a finite set of predefined labels. It extends the conventional classification and multi-label classification in the sense that it needs to predict a ranking of all class labels instead of only one or several class labels. Both classification and multi-label classification can be considered as a special case of label ranking learning. Specifically, when only the top ranked label is required, label ranking reduces to a classification problem, when a calibrated label is introduced, label ranking is equivalent to a multi-label classification problem [1] . Due to its generality, label ranking has found in many practical applications such as natural language processing, recommender systems, bioinformatics and metalearning [2] .
The topic of label ranking has attracted increasing attention in the recent machine learning literature, and a large number of methods have been proposed or adapted for label ranking [3, 4, 5, 6, 7, 8, 9 ]. An overview of label ranking algorithms can be found in [10, 11] . Existing methods can be mainly divided into two categories. One is known as reduction approaches which transform the label ranking problem into several simpler binary classification problems, and then the solutions of these classification problems are combined into a predicted ranking. Label ranking by learning pairwise preferences and by learning utility functions are two widely used schemes in the reduction approaches. For example, ranking by pairwise comparison (RPC) learns binary models for each pair of labels, and the predictions of these binary models are then aggregated into a ranking [4] ; while constraint classification (CC) and log-linear models for label ranking (LL) seek to learn linear utility functions for each individual label instead of preference relations for each pair of labels [12, 13] . Another category is probabilistic approaches which represent label ranking based on statistical models for ranking data, i.e., parametrized probability distributions on the class of all rankings. For example, Cheng et al. have developed instancebased (IB) learning algorithms based on the Mallows (M) and Plackett-Luce (PL) models [5, 6] , and Zhou et al. proposed a label ranking method based on Gaussian mixture models [7] .
Both reduction approaches and probabilistic approaches have shown good performances in the experimental studies, while they also come with some disadvantages. For reduction approaches, theoretical assumptions on the sought "ranking-valued" mapping, which may serve as a proper learning bias, may not be easily translated into corresponding assumptions for the classification problems. Moreover, it is often not clear that minimizing the loss function on the binary problems leads to maximizing the performance of the label ranking model in terms of the desired loss function on rankings [14] . For probabilistic approaches, their success also do not come for free but at a large cost associated with both memory and time. For example, the instances-based approaches involve costly nearest neighbour search and the aggregation of neighboring rankings is also slow as it requires using complex optimization procedures, such as the approximate expectation maximization in IB-M and the minorization maximization in IB-PL [15] . Both IB-M and IB-PL are lazy learners, with almost no cost at training phase but a higher cost at predicting phase. It can be costly or even impossible in the resources-constrained applications.
In this paper, to overcome these problems to some extent, we propose a label ranking method based on random forests (LR-RF). Random forests has been widely used to solve a number of machine learning, computer vision and medical image analysis tasks, and has achieved excellent performances [16, 17] . The random forest has many advantages, which make it competitive for solving label ranking problem to existing approaches. Firstly, the tree structure of our LR-RF makes the retrieval of nearest neighbours more efficient than instancebased approaches. Secondly, rankings associated with the training instances are used as the supervising information to guide the construction of the random trees, thus enabling the retrieved nearest neighbours not only similar in feature space but also in the ranking space. Thirdly, both the construction and prediction processes of our method can be executed in a parallel way and is therefore able to achieve high computational efficiency on modern CPU or GPU hardware. To turn the random forest into an effective ranking method, we have proposed a simple and effective "top label as class" discretization method for discretizing ranking data, and we also developed a novel two-step rank aggregation strategy which effectively aggregate the neighboring rankings into a final predicted ranking. Experimental results show that our proposed LR-RF method achieves the best predictive accuracy performances compared with state-of-the-art methods for the case of training data with complete ranking and the case of data with partial ranking information.
The paper is organized as follows. Section 2 describes the label ranking problem in a more formal setting. Section 3 introduces several common distance measures for rankings. In Section 4, we present our label ranking method based on the random forest model. Section 5 is devoted to an experimental evaluation of the proposed LR-RF based on benchmark instances. Finally, Section 6 concludes the paper.
Label Ranking
Label ranking can be considered as a natural extension of the conventional classification problem. Given an instance x from an instance space X , instead of predicting one or several possible class labels, label ranking tries to associate x with a total order of all class labels. This means that there exists a complete, transitive and asymmetric relation ≻ x on L, where λ i ≻ x λ j shows that λ i precedes λ j in the ranking assigned to x.
We can identify a ranking ≻ x with a permutation π x on {1, 2, . . . , m} such that π x (i) = π x (λ i ) is the position of λ i in the ranking. This permutation encodes the ranking given by
where π −1
x (i) is the index of the class label at position i in the ranking. For example, given a label set L = {λ 1 , λ 2 , λ 3 , λ 4 , λ 5 }, and an observation over these labels λ 4 ≻ λ 2 ≻ λ 3 ≻ λ 5 ≻ λ 1 , then we can represent this ranking by a permutation [5 2 3 1 4] . The set of all permutations of {1, 2, . . . , m} is denoted by Ω. By abuse of terminology, we refer to elements π ∈ Ω as both permutations and rankings.
Like in classification, we do not assume the existence of a deterministic X → Ω mapping. Instead, every instance is associated with a probability distribution over Ω [5] . It means that, for each x ∈ X , there exists a probability distribution P(·|x) such that, for every π ∈ Ω, P(π|x) is the probability that π is the ranking associated with x. The objective of label ranking is to learn a model in the form of a mapping X → Ω. Generally, training data consists of a set of instances T = { x i , π i }, i = 1, 2, . . . , n, where x i is the feature vector containing the value of d feature attributes describing instance i, and π i is the corresponding target ranking. Ideally, complete rankings are given as training information. However, it is much more important to allow for incomplete ranking information in the form of a partial ranking
where m ′ < m and {π
. . , m}. In the above example, it is possible that only partial ranking information is provided for instance x, i.e., λ 4 ≻ x λ 3 ≻ x λ 1 , while no preference information is available for λ 2 and λ 5 .
Distance Measures
To evaluate the predictive performance of a label ranking algorithm, a suitable evaluation function is necessary. Kendall tau distance [18] is one of the most widely used distance measures for rankings. It essentially measures the total number of discordant label pairs (label pairs that are ranked in the opposite order in two rankings). Formally,
where 1 i < j m. Kendall tau distance is an intuitive and easily interpretable performance measure. The time complexity of computing the Kendall tau distance between two rankings is O(m log m). By normalizing Kendall tau distance to the interval [−1, 1], we can obtain Kendall's tau coefficient,
which is a well-known correlation measure. Kendall's tau coefficient measures the proportion of the concordant pairs of labels in two rankings. Therefore, this measure can still work with partial rankings, as long as there is at least one pair of labels per instance. When τ = 1, it means that the labels in ranking π and σ are sorted in the same order, while τ = −1 indicates that the labels in these two rankings are sorted in opposite order. In label ranking, performance comparisons among label ranking algorithms are often based on Kendall's tau coefficient. Two alternative distance measures on rankings include the Spearman distance
and the Spearman footrule distance
Both this two kinds of Spearman distances between two rankings can be computed in linear time O(m). Additionally, all the three distance measures can be extended in a natural way to several rankings. For example, the generalized Kendall distance between a complete π and a set of rankings σ 1 , . . . , σ k is given by
Random Forest for Label Ranking
Random forest is a powerful learning algorithm proposed in [19] , which combines several randomized decision trees and aggregates their predictions by averaging. It has been one of the most successful general-purpose algorithms in modern times. In this section, we present a label ranking method based on random forest model, denoted as LR-RF. The proposed LR-RF works in two phases. It first constructs multiple decision trees by using different training instances at construction phase (Section 4.1), and then at the prediction phase, query instance passes through all trees, a two-step rank aggregation strategy is applied to aggregate the neighboring rankings into a final predicted ranking (Section 4.2). Fig. 1 illustrates the entire process from a query instance x to finally obtain the predicted rankingπ 
Construction of the Random Forest
To build a random forest, we need to generate nbr tree different training data sets T i , i = 1 . . . nbr tree , and each one is used to train a decision tree independently. Each training data set is drawn at random, with replacement, from the original data set T . Then a decision tree is grown on this new training dataset. Specifically, at each node of each tree, a split is performed by maximizing the information gain G over n s = ⌊log 2 d⌋ + 1 attributes chosen uniformly at random among the d original attributes. Finally, construction of individual tree is stopped until one of the stopping conditions is satisfied. In the forest, all the trees grown are not pruned. To generate such a tree, we partition the training data set T in a recursive manner, using one-dimensional splits defined by thresholds for an attribute value. The split function at each node is defined as follows
go to left child otherwise, go to right child (8) where x i and x i threshold are split attribute and split threshold of a best split point, respectively. Based on the above split function, we can split the training data of current node into the left child node and the right child node accordingly. To narrow down the search space for the split function, we only use a small group of attributes to split on rather than using all attributes each time. As different split attributes or split thresholds will bring about different partitions on the training data, it is necessary to find a best split point for each node. In our algorithm, we use the rankings associated with each instance as supervising information to find the best split and guide the growing of the random trees.
In recent years, many discretization techniques have been proposed for label ranking. The simplest is Ranking As Class (RAC) [20] , which simply treats rankings as classes: ∀π i ∈ Ω, π i → λ i . This allows the use of many supervised discretization methods developed for classification in label ranking problems. However, if the RAC approach is applied, the number of classes can be extremely large, up to a maximum number of m!, where m is the total number of labels. Additionally, two complicated and specially designed discretization methods have also been proposed for label ranking, such as Minimum description length principle for ranking data (MDLP-R) [20] and Entropy-based discretization for ranking (EDiRa) [21] . Specifically, EDiRa takes into account the properties of rankings: how many distinct rankings are present in current node, and how similar they are to each other.
It is difficult to determine which supervised dircretization technique is the best because many evaluation measures can be used to evaluate their performance [22] . In fact, all aforementioned discretization methods can be used for discreting label ranking data. In our case, we make a compromise between the simple and the complicated supervised discretization methods, and propose to use the top label of a ranking to determine a class, i.e., Top Label As Class (TLAC). TLAC replaces the rankings by classes only consider the top label in the rankings regardless of other labels. For example, in Table 1 , even though example 2 and 3 have distinct rankings [2 3 1] and [3 2 1] respectively, TLAC assigns the same class λ 3 to them because their top labels are same. Table 1 Some selected examples from iris data set. With the help of TLAC, the well-known information gain is become available in label ranking. Information gain is a widely-used splitting criterion to find the best split points in decision trees [23] . It essentially measures the change of class entropy before and after the partition caused by a split point. A split point at each node is represented by a split attribute and corresponding split threshold. For each split point, the entropy of the original data is compared with the weighted sum of the entropy of data in the left node and the right node. Let G be the information gain, then at the split node j, the information gain obtained by a split point θ in attribute A is defined as
where |T j | represents the number of instances contained in current node j, while |T l j | and |T r j | are the number of instances on its left child node and the number of instances on the right child node, respectively, with the split point θ in attribute A. The entropy for data in node j is defined as
where p(π) represents the proportion of instances with ranking π in the data set T j and Ω j is the set of all distinct rankings in T j .
A good split means it minimizes the overall entropy in its left child node and right child node. This can be achieved by finding the best split point at node j by θ * = arg max
where S j is the set of all potential split points at node j. Based on this split criteria, the decision tree always chooses a split point which effectively splits the data at current node. This can be done recursively until the depth of the tree reaches a maximum allowable depth d max or the entropy of data in current node is less than ǫ 0 .
Prediction based on Neighboring Rankings
Once the whole random forest is constructed, it can be used to predict the potential ranking associated with a query instance. During prediction phase, we pass a query instance through all trees simultaneously (starting at the root node) until it reaches the leaf nodes. We call training examples stored in the leaf node as the neighbors of the query sample, and the rankings associated with neighbors as neighboring rankings. The predicted ranking is then obtained by aggregating these neighboring rankings with a two-step rank aggregation procedure.
The problem to aggregate the rankings of neighbors into a ranking is known as rank aggregation [24] . Rank aggregation has been studied extensively in the context of social choice theory and meta-Search [25] . Rank aggregation can be obtained by optimizing different rank distance measures. For example, when Kendall tau distance is optimized, the achieved rank aggregation is called Kemeny optimal aggregation. It has been shown that the Kemeny optimal aggregation is the best compromise ranking. However, finding a Kemeny optimal aggregation is NP-hard even when k = 4 [26] . In our algorithm, we resort to an efficient procedure called Borda's method to approximately solve it. The Borda's method was originally applied to aggregate label rankings by Klaus Brinker and Eyke Hüllermeier [27] . The principle of Borda's method is shown in Lemma 1.
Lemma 1 (Borda's method) Given a collection of complete rankings σ 1 , . . . , σ k , for each label λ i ∈ L and ranking σ j , Borda's method first assigns a score s ij = σ j (i), and then the average Borda score s i is defined as
The labels are then sorted in decreasing order of their average Borda score, and ties are broken at random.
The rank aggregation obtained by Borda's method is an optimal aggregation with respect to the Spearman distance D S [28] . Moreover, it has been shown that Kendall tau distance D K can be approximated very well by Spearman distance D S [29] , i.e.,
, where m is the number of labels in the ranking. It means that there is a close relation between Kendall tau distance and Spearman distance. Therefore, rank aggregation obtained by Borda's method can be a good approximation of the Kemeny optimal aggregation without much sacrifice of predictive performance.
A primary advantage of Borda's method is that it is computationally very easy, and it can perform the aggregation of k complete rankings with m labels in linear time O(k · m). However, it also shows its shortcomings in generalising to partial rankings. To solve this problem, Cheng et al. [5] proposed a generalized Borda's method (as shown in Lemma 2) to extend traditional Borda's method to partial rankings is by apportioning all the excess score equally among all missing candidates. Lemma 2 (Generalized Borda's method) Given a set of partial rankings σ 1 , . . . , σ k , for each label λ i and partial ranking of m ′ < m labels, if it is a missing label, then it receives s ij = (m+1)/2 votes; if it is an existing label with rank r ∈ {1, . . . , m ′ }, then its Borda score is s ij = (m ′ + 1 − r)(m + 1)(m ′ + 1). The average Borda score s i is defined as In the prediction phase of our LR-RF, we use a two-step rank aggregation strategy to aggregate the neighboring ranking. At the first step, we consider each decision tree individually, and each decision tree makes the same contribution to generate the final predicted ranking. Therefore, we need to aggregate Algorithm 1 Random forest label ranking 1: Input: query x, training data T , number of trees nbr tree and tree depth d max 2: Output: a predicted ranking π x for query x / * Construction phase * / 3: for i = 1 to nbr tree do 4: create a new data set T i of size n from T 5:
select n s attributes from the original d attributes 7: find the split attribute A and its best split point θ *
8:
split the data T j according to the θ * in attribute A.
9:
until a stopping condition is met 10: end for / * Prediction phase * / 11: for i = 1 to nbr tree do 12: pass the query x through i-th tree 13: find the nearest neighbors of x in the tree 14: aggregate all the neghboring rankings into a predicted ranking π all the rankings of neighbors, and a rank aggregation can be obtained at each tree. At the second step, we aggregate all the predicted ranking of nbr tree trees into a final predicted ranking. In the two-step rank aggregation procedure, we need to perform nbr tree + 1 aggregations in total. It is noteworthy that both the construction and prediction of each decision tree can be executed in parallel, thus achieving high computational efficiency on modern parallel CPU or GPU hardware. A detailed description of our LR-RF algorithm can be found in Algorithm 1.
Computational results
In this section, we present an empirical evaluation of the proposed LR-RF with main state-of-the-art label ranking methods. Additionally, learning curves and the effect of number of trees nbr tree on LR-RF are investigated respectively.
Data Sets
In our experiments, we evaluate the proposed LR-RF on the label ranking data sets from the KEBI Data Repository. These data sets are obtained by transforming multi-class and regression data sets from the UCI repository of machine learning databases and the Statlog collection into label ranking data sets in two different ways. (A) For classification data, a naive Bayes classifier is first trained on the complete data set. Afterwards, for each instance, all the class labels in the data set are ordered according to their predicted class label probabilities, breaking ties by ranking the class label with lower index first. (B) For regression data, some numerical attributes are removed from the set of predictors, and each one is treated as a label. To obtain a ranking, the attributes are standardized and then ordered by size. A summary of the data sets and their characteristics is provided in Table 2 1 . Table 2 The description of experimental data sets (the type indicates the way in which the data set has been generated). 
Experimental Settings
Results were obtained in terms of Kendall's tau coefficient from five repetitions of a ten-fold cross-validation. To model incomplete observations, we modified 1 All these data sets are publicly available at website: http://www.uni-marburg.de/fb12/kebi/research/repository/labelrankingdata the training data according to the following rule. Given a ranking, we associate each label with a random probability. If the probability is less than a fixed missing probability p 0 (0 p 0 1), we delete it from the ranking and keep it in the ranking otherwise. Hence, p 0 × 100% of the labels in the original data sets will be deleted on average.
Our LR-RF
2 algorithms is implemented by MATLAB 2014b running on a PC with an Intel Core i5 processor (2.6 GHz and 8 GB RAM). The detailed descriptions and settings of main parameters are provided in Table 3 . It is possible to obtain better results by fine tuning these parameters. 
Experimental Results
In recent years, a variety of label ranking algorithms have been proposed in the literature [10, 11] . The representative algorithms mainly include constraint classification (CC), log-linear model (LL), ranking by pairwise comparisons (RPC), instance-based methods with the Mallows model (IB-M) and the Plackett-Luce model (IB-PL), and label ranking trees (LRT) [5] . However, some source codes or executed programs of these algorithms are not available. We are only able to compare the performance of the proposed LR-RF algorithm with the reference algorithms RPC, IB-PL, and LRT by means of the WEKA-LR 3 . WEKA-LR is a label ranking extension for WEKA. It implements three label ranking algorithms, including RPC, IB-PL, and LRT, only in case of complete ranking information. For incomplete ranking information, it is still not available. In the following, we focus on comparing the proposed LR-RF algorithm with these three algorithms. We run these algorithm with default parameters in our platform. Specially, we report the results of IB-PL algorithm with four kinds of different neighobrhood size (i.e., {5, 10, 15, 20}).
To analyse these results, we use a two-step non-parametric statistical methodology to perform performance comparisons [30] . Firstly, we conduct a Friedman test which makes the null hypothesis that all algorithms are equivalent. 2 The source code of the proposed LR-RF algorithm will be made available upon the publication of the paper. 3 The package WEKA-LR is publicly available at: https://www.uni-marburg.de/fb12/kebi/research/software If the null hypothesis is rejected, we then proceed with a post-hoc test named two tailed sign test in order to compare methods in a pairwise way. More specifically, the critical value for Friedman test at the significance level 0.05 is F 0.05 (6, 90) = 2.21. Therefore, the Friedman test rejects the null hypothesis if the computed F F value is less than the critical value 2.21. At the same significance level, the critical value for two-tailed sign test in our experiment is 12. It means that a method is significantly better than another when it performs better on at least 12 out of all 16 data sets. Table 4 Performance comparisons between the proposed LR-RF algorithms with state-ofthe-art algorithms in case of complete ranking. Table 4 represents the comparative results between the proposed LR-RF algorithm and the state-of-the-art algorithms on data sets with complete ranking information. In this table, we order the algorithms for each data set separately, the best performing algorithm obtaining the rank of 1, the second best rank 2, and so on. In case of ties, average ranks are assigned. For example, both LRT and LR-RF simultaneously achieved the best performance (i.e., 0.756) on data set elevators, thus they obtain the equal rank (1 + 2)/2 = 1.5. Finally, the average rank of each algorithm is obtained by averaging the ranks of all 16 data sets. We also give the number of data sets that LR-RF achieves better performance than the corresponding reference algorithms, as shown in the bottom lines of the table. The best performance on each data set is in bold. We clearly observe that there is no a single algorithm can achieve the best performance across all data sets. Specifically, the proposed LR-RF algorithm gives the best performance on 5 out of 16 data sets, and obtaining the smallest average ranks 2. Consequently, LR-RF significantly performs better than RPC, LRT and IB-PL with neighborhood size 20. Although there is no significant difference between LR-RF and IB-PL with neighborhood size 5, 10 and 15, LR-RF is better on 9, 10.5 and 11 out of 16 data sets, which are just slightly smaller than the critical value. The differences are likely to become significant when increasing the number of data sets. Since we fix a set of parameters for all data sets, it is also possible that the proposed LR-RF algorithm obtains better performance by fine tuning these parameters on each instances.
Compared with reported results of the state-of-the-art algorithms
Given that source codes or executable programs of reference algorithms are not available in case of partial ranking information. In this section, we compare the performance of the proposed LR-RF algorithm with results reported in the literature. By comparing the results reported and the results obtained by running WEKA-LR, we obverse there are only some slight differences for RPC, IB-PL and LRT. Moreover, it is well known that the executed platform is only closely related to computational time of an algorithm. Consequently, it is also credible to compare the results (in terms of accuracy) of the proposed algorithm with results reported of the reference algorithms. The reference algorithms mainly include constraint classification (CC), log-linear model (LL), instance-based methods with the Mallows model (IB-M), and also RPC, IB-PL and LRT. It is worth noting that the results of all reference algorithm are taken directly from the literature [5] and [15] , and the neighborhood size {5, 10, 15, 20} of the IB-PL and IB-M were determined through cross validation on the training set. Table 5-7 show performance comparisons between the proposed LR-RF algorithm and six state-of-the-art label ranking algorithms on three cases: complete ranking (p 0 = 0.0), missing labels ranking with p 0 = 0.3 and missing labels ranking with p 0 = 0.6. Pairwise comparisons between two methods are also provided in terms of win statistics in Table 8 . Table 5 Performance comparisons between LR-RF with state-of-the-art algorithms on the case p 0 = 0.0.
Reduction methods Probabilistic methods
Tree-based methods According to the average ranks of each methods, we can calculate F F = 5.68, 4.94 and 6.46 for cases with complete ranking, 30% missing labels and 60% missing labels, respectively. All the three F F values are larger than the critical value of the Friedman test 2.21. Consequently, the Friedman test rejects the null hypothesis in all three cases, which suggests significant differences among these seven methods in all three cases.
After rejecting the null-hypothesis, we conduct a two-tailed sign test. As we can see from Table 8 , in case of complete ranking information, our method is significantly better than LL, RPC, IB-PL and LRT, winning 12, 13, 12 and 14 of the 16 data sets respectively. We also observe that our method LR-RF is better than CC and IB-M on 11 and 10 data sets, and they are just below the critical value 12. In case of partial ranking information, our method LR-RF is significantly better than six other methods. Specifically, when p 0 = 0.30, our LR-RF obtains better results than CC, LL, IB-M, IB-PL and LRT on 12, 13, 13, 14, 14 and 15 out of 16 data sets respectively; when p 0 = 0.60, our Table 6 Performance comparisons between LR-RF with state-of-the-art algorithms on the case p 0 = 0.30. LR-RF shows more powerful performance, and even dominates LRT on all 16 data sets. The following two conclusions can also be drawn from Table 3-5 and Talbe 8:
• Comparing two tree-based methods, our LR-RF is significantly better than LRT, winning 14, 15 and even 16 out of 16 data sets in the three cases, respectively. This results confirm the conclusions that a ensemble model (e.g., LR-RF) can produce substantial improvements in the performance compared with the use of a single model (e.g., LRT).
• Comparing performances of LR-RF in these three cases, we find that our LR-RF has stronger ability to deal with data set with partial rankings. When the probability of missing labels becomes higher, the advantage of the LR-RF is more obvious. When p 0 = 0 increase to p 0 = 0.3 and p 0 = 0.6, we find the average ranks of LR-RF decrease and achieves the best performance on much more data sets, and even obtains best results on all 16 data sets in the case of p 0 = 0.6. Table 7 Performance comparisons between LR-RF with state-of-the-art algorithms on the case p 0 = 0.60. Table 8 Pairwise comparisons of the methods in terms of win/win/win statistic: Wins in the complete rankings, in the 30% missing labels and in the 60% missing labels scenario. 

Parameter analysis
The parameter analysis includes three sets of experiments. We study the learning curves of the proposed LR-RF algorithm, and conduct sensitive analysis on two important parameters, i.e., nbr tree and d max . The following experimental analysis is based on a selection of 4 data sets (glass, housing, iris, and wine).
Learning curves
In this set of experiments, we perform experiments to gain some understanding about how the missing probability p 0 affects the performance of LR-RF. We did experiments with LR-RF on four selected data sets for different missing probability p 0 , varying p 0 from 0.1 to 0.8 by steps of 0.1. Figure 2 shows the learning curves, which present the performance of LR-RF as a function of the missing probability p 0 . It can be observed that the learning curves are relatively flat when p 0 varies from 0.10 to 0.60. When the probability of missing label continues to increase, the performance of LR-RF rapidly worsening. The results indicate that our proposed method LR-RF has a strong ability to deal with data with missing label ranking information.
Sensitivity to the nbr tree parameter
The second set of experiments investigate how the parameter nbr tree affects the accuracy of the proposed learning method LR-RF. We did experiments on data with complete ranking for different nbr tree values, varying nbr tree from 1 to 75 by steps of 5, and fixing other parameter value at the same time. Specifically, when nbr tree equals to 1, the LR-RF is a single decision tree. It is same to the LRT but with different supervised discretization method to discrete ranking data.
In Figure 3 , we are able to see how the different number of trees nbr tree affects the performance of the LR-RF. It is interesting to find that, when nbr tree increases from 1 to 10, the accuracy of the LR-RF significantly improves, while the accuracy of the LR-RF keeps relatively steady if nbr tree continues to increase until 75. This analysis shows that a reasonable nbr tree value plays an important role in the success of the LR-RF. According to the analysis, it is easy to determine a reasonable value for nbr tree . In our proposed method LR-RF, we fix the total number of decision tree nbr tree as 50.
Sensitivity to the d max
The third set of experiments study how the tree depth d max affects the performance of the LR-RF. We did experiments on data with complete ranking for different d max values, varying d max from 1 to 15 by steps of 1, and fixing other parameter value at the same time. Figure 4 describes the influence of tree depth d max on the performance of LR-RF. When the d max is small, we observe that as the d max increases the overall performance of LR-RF also increases, and then the performance keeps a relative steady value if we continue to increase the value of d max . Moreover, the tree depth is a function of the problem complexity. For a given d max value, the number of possible nodes is up to 2 dmax in a random tree. Therefore, in our algorithm, we set d max as 8. 
Conclusions and Future Work
In this paper, we have developed a novel label ranking method based on random forest (LR-RF). The empirical results show that our method is highly competitive with state-of-the-art methods in terms of predictive accuracy for datasets with complete ranking and datasets with partial ranking information. In addition to achieving state of the art performances, the new method has some further advantages. Firstly, the tree structure of our LR-RF makes the retrieval of nearest neighbours more efficient and scalable than traditional instance-based approaches. Secondly, rankings associated with the training instances are used as the supervising information to guide the construction of the random trees, thus enabling the retrieved nearest neighbours not only similar in feature space but also in the ranking space. Thirdly, both the construction and prediction processes of our method can be executed in a parallel way and is therefore able to achieve high computational efficiency on modern CPU or GPU hardware. Additionally, our LR-RF method is a tree-based method, tree structure can clearly express much more information about the problem and it is easy to understand even for people without a background on learning algorithms.
We also performed three sets of experiments to investigate the learning curves of the LR-RF in terms of missing probability, and the influence of parameter nbr tree and d max on the accuracy of the LR-RF, respectively. The analysis results show that our method has a strong robustness on the missing label information and parameter values selection.
For future work, we plan to compare and analyse the different supervised discretization methods, and select the suitable one to guide the growing of the decision trees in a random forest. It is possible to further improve the performance of LR-RF by use the suitable supervised discretization methods for discretizing label ranking data.
